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Abstract 
The classification of river water quality is a useful way of reporting the water quality status of a river to control water pollution in 
monitored regions. The main objective of this study is to classify the water quality of the Muda River basin (Malaysia) using nine 
monitoring stations. This study utilised multivariate analysis of cluster analysis (CA), principal component analysis (PCA) and 
discriminant analysis (DA). CA and PCA identified two different clusters (classes) that reflect the different water quality 
characteristics of the water systems. DA validated these clusters and produced a discriminant function (DF) that can predict the 
cluster membership of new samples. The classification generated by the multivariate analysis is consistent with those made by 
the Department of Environment (DOE). This study demonstrated that multivariate statistical techniques are effective for river 
water classification. 
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1. Introduction 
Rivers are systems that carry a significant load of materials in dissolved and particulate phases from both natural 
and anthropogenic sources in one direction [1]. Human activities, use of agricultural chemicals, and land use 
changes are the major factors that influence surface water quality [2, 3].  
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Located in northwest Malaysia, the Muda River basin is affected by organic pollutants from industrial effluents 
and excess nutrients resulting from agricultural runoff. With an increased understanding of the importance of fresh 
water systems for public benefit and to aquatic life, the classification of water qualities for effective management 
options is becoming a concern [4]. For this reason, the classification of river water quality is a useful way of 
reporting the water quality status of a river as well as identifying the most significant strategies to control water 
pollution in monitored regions.   
   In Malaysia, the water quality index (WQI) was developed as a basis for categorising the level of pollution into 
five classes (Class I–Class V) as stipulated in the National Water Quality Standards for Malaysia (NWQS).  This 
procedure in terms of classification principles described as supervised pattern recognition method [5]. As a result of 
WQI calculation, the classes of the membership of an object, which in this case are the monitoring stations, are 
known in advance. Consequently, this approach reduces some variability of the considered set of objects. The 
supervised pattern recognition may deform the natural pattern of objects’ similarities [6]. 
 Grouping of data (objects or variables) is also possible by means of unsupervised methods [5]. Unsupervised 
methods identify the natural clustering pattern and group monitoring stations on the basis of similarities between the 
samples. The most common unsupervised methods of multivariate analysis for classification are cluster analysis 
(CA) and principal component analysis (PCA) [4]. The discriminant analysis (DA) is used to confirm the groups 
found by means of the CA and PCA. In environmental studies, the application of multivariate analysis to complex 
datasets has been of great scientific interest over the last few years [7]. 
In this study, the large data matrix generated during the ten-year (1998–2007) monitoring programme is 
subjected to different multivariate statistical techniques from nine monitoring stations. The objective of this study is 
to classify the water quality of the Muda River basin. 
2. Materials and methods 
2.1. Study area  
The Muda River has a total catchment area of approximately 4210 km2. It lies within latitudes 100o20’33.05”E 
and 100o56’17”E and longitudes 5o24”56.46”N and 6o10’51.25”N. The catchment is illustrated in Fig. 1. The length 
of the Muda River is about 180 km, and it is the longest river in Kedah. It flows towards the southern area of the 
state. This river is the main source of water for domestic use and a source of irrigation for rice cultivation in this 
catchment area. The land in the basin is mainly used for agriculture (such as paddy, oil palm, and rubber) and 
forestry.  
  
Fig. 1. Location of monitoring stations in the Muda River basin 
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2.2. The water quality data  
The nine monitoring stations (Fig. 1) cover most of the areas of the Muda River basin. The archive data set 
covers the period from 1998 to 2007 and is provided by the Department of Environment (DOE), Malaysia. The data 
set comprises six water quality variables: dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical 
oxygen demand (COD), suspended solids (SS), and pH and ammonia nitrogen (NH3-N). The data matrix used for 
classification has the dimension of 9 (monitoring stations) X 6 (variables). 
2.3. Statistical procedures  
The river water quality data sets were interpreted by integrating three multivariate statistical techniques: CA, 
PCA, and DA. CA applied to the water quality data set to determine the group monitoring stations for the study 
regions. In this study, hierarchical CA used Ward's method with squared Euclidean distances as a measure of 
similarity [8]. PCA was used to quantify the significance of variables that explain the observed groupings and 
patterns of the inherent properties of the monitoring stations. New orthogonal variables (factors) explained by a 
reduced set of calculated factors are called principal components (PCs) [9]. The DA was performed to confirm the 
groups identified by means of the CA. The DA technique builds up a discriminant function (DF) for each group to 
predict the cluster membership of new cases by means of the cluster centroids. 
 3. Results and discussion  
A dendrogram of the location pattern resulting from the CA is presented in Fig. 2. Using the CA, the monitoring 
stations of a different character (separate pollution state) may be explicitly distinguished. The dendrogram shows 
that all the monitoring stations may be grouped into two main clusters (groups). Cluster I is formed by stations 
MD01 and MD03–MD09 and, Cluster II by station MD02.   
 
Fig. 2. Dendrogram showing spatial similarities of monitoring stations produced by cluster analysis 
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Fig. 3. “Scree-plot” for the principal component model of the monitoring data 
 
A scree-plot (Fig. 3) for the PCA shows that up to 84.1% of the original mean dataset variability is on the first 
two variables (components). Thus, all information about pollution in the nine monitoring stations collected in the 
original six variables can be performed in the reduced space. According to the “eigenvalue-one” criterion [10,11], 
only the PCs with eigenvalues greater than one are considered important. This criterion is based on the fact that the 
average eigenvalue of the auto-scaled data is just one. These results of PCA are in good agreement with the CA 
results when two factors  are taken into account in the classification of monitoring stations (Fig. 4). 
 
 
 
Fig. 4. Principal component scores for mean monitoring data 
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The two spatial clusters in the data model confirmed by DA that runs on the raw WQ data in the stepwise 
"mode".  Since the monitoring station clusters had two categories, one DF was obtained. The Wilk’s lambda values 
reveal that only ammonia nitrogen satisfies this condition that gives good classification accuracy of 100%. The 
major features of this function are an eigenvalue of 160.358, a canonical correlation of 0.997 and being significant 
(Wilk’s lambda = 0.006, DF = 1, p < 0.05). This DF was developed using the unstandardised DF coefficients and 
Equation (1). This function can be used to predict cluster membership of new cases through the cluster centroids. 
For a new sample or a sample of unknown cluster membership, the DF is calculated and compared to the closest 
centroid. In this study, the centroids of Cluster I and Cluster II were 3.948 and 31.588, respectively. 
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Fig. 5 shows the classification of the WQI for each station from 1998 to 2007 by the DOE, Malaysia. The nine 
monitoring stations can be divided into two classes of water quality status, namely Class II and Class III. The 
monitoring stations in Class II consists of monitoring stations in Cluster I  (MD01, MD03–MD09), while the station 
with Class III consists of monitoring station in Cluster II (MD02), as obtained from CA. This finding indicates that 
the status of water quality monitoring stations in Cluster I (Class II) is better than Cluster II (Class III). River 
pollution is higher at station MD02 due to the location of this station adjacent to the rubber plant. Effluent from the 
rubber industry consists of a complex mixture of chemicals [12] which contribute to water pollution.  
 
 
Fig. 5. Classification of the mean of the WQI for each station from 1998 to 2007 
 
4. Conclusion 
This study employed three multivariate statistical techniques (CA, PCA, and DA) to classify nine monitoring 
stations located on the river into groups of similar water quality characteristics based on six selected water quality 
variables. CA and PCA grouped the nine monitoring locations into two clusters based on similarities in water quality 
characteristics. DA confirmed the clusters identified by CA and PCA and produced a DF that used one water quality 
variable (NH3-N) to distinguish between these clusters. This function exhibited a correct classification efficiency of 
100%. The multivariate analysis confirmed the measurement results of the water quality status by the DOE in the 
sense of water classification. 
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